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Abstract
We use principle component analysis (PCA) of cross correlations in European government
bonds and European stocks to investigate the systemic risk contained in the European econ-
omy. We tackle the task to visualize the evolution of risk, introducing the conditional average
rolling sum (CARS). Using this tool we see that the risk of government bonds and stocks had
an independent movement. But in the course of the European sovereign debt crisis the cou-
pling between bonds and stocks has strongly increased. This results in an in-phase oscillation
of risk for both markets since mid 2010. In our data, we observe a steep amplitude increase,
suggesting a high vulnerability of the two coupled systems.
1
1 Introduction
The inability of some European states to refinance their sovereign debts and the outbreak of the
financial crisis in 2008 led in 2010 to the still ongoing European sovereign debt crisis. To stabilize
the markets and give incentives to invest in Europe, the European Union implemented the European
Financial Stability Facility (EFSF) and later the European Stability Mechanism (ESM). Heavily
indebted European nations can use these tools to refinance their government debt.[1] The utilization
of this bailout support has to be accompanied by fiscal consolidation, reforms and privatization of
public goods.[2]
Previous studies have shown, that principle component analysis (PCA) of cross-correlations in
financial datasets is a wide field of study with many applications.[3, 4, 5, 6, 7, 8, 9, 10, 11, 12]
More recent studies have shown that PCA is a viable tool to analyze the systemic risk, which
measures the probability of events leading to widespread loss of confidence in the financial system
[13, 14, 15, 8, 16]. Zheng et al. have used the first eigenvalues of the cross-correlation matrix
between different stock-indices and stocks to reveal the rise in systemic risk, which lead to the
financial crisis in 2007.
These studies show the importance of cross-correlation analysis for identifying the risk, but
they lack a statement about the evolution of the systemic risk. For this purpose we introduce the
conditional average rolling sum (CARS) of the eigenvalue time deviation, which allows us to track
the systemic risk. We apply this technique to a set of European government bonds and stocks
listed in the EuroStoxx to examine the European sovereign debt crisis and show that since the
beginning of the European dept crisis in 2010 these two markets are strongly correlated and both
show the same oscillating risk progression.
2
2 Method
Detecting an increase of similar market reactions can be measured by utilizing the correlation
matrix Cij , which contains the empirical correlation between two assets i and j in a given time
window τ .
We study two different sets of time dependent assets: The mean monthly returns Ri =
∂t〈P (t)〉1m of all stocks contained in the EuroStoxx50 and the change of the monthly yield re-
turn Ri = ∂tri(t) of the European 10 year bonds. We use logarithmic returns
∂tP (t) = ln
(
P (t)
P (t− 1)
)
(1)
with the governmet bond data found on [17] only allowed monthly values.
The correlation elements Cij are
Cij =
E
[
(Ri −Ri)(Rj −Rj)
]
σiσj
(2)
where σi is the standard deviation of the returns of asset i. Since the matrix is symmetric it is
possible to use principle component analysis(PCA). The eigenvalues λ1, ..., λN are called principal
components of the orthogonal space, where the time-series are uncorrelated. We track
λ˜∆i (t) =
λ∆i (t)
N
(3)
where ∆ is a chosen time window. In financial correlation matrices the first eigenvalue dominates,
which shows that most of the information is contained in the largest eigenvalue and its eigenvector.
Smaller eigenvalues are typically in the random regime and carry less information of the system,
but are not pure noise.([10, 11])
In the paper by Zheng et. al [13], they observed that a steep increase in λ˜∆i (t) is connected to
the systemic risk in a set of assets. Peaks in the time derivation ˙˜λ∆i (t) correspond to these events.
An increasing risk can result in a crash. Thus we consider a build up process which improves the
quality of identifying overall market moves. We take the conditional rolling sum of events
〈
λ˙
〉 ˙˜λ(t)>0
Ω
=
∑
ω∈Ω
1
|ω|
∑
t∈ω
˙˜
λ(t)>0
˙˜
λ(t) = CARS (4)
which has a memory effect by default where
˙˜
λ(t) =
∂
∂t
(
4∑
i=1
λ˜∆i (t)
)
(5)
takes the four largest eigenvalues into account in oder to project most of the information.
3
3 Results and Discussion
Applying PCA and the conditional average rolling sum (CARS) with a time window of 36 months
on the EuroStoxx data (bottom right panel of figure 1), we see a peak in November 2008. One
can observe, that this peak is the consequence of many events in the derivation ∂
∂t
λ between 2007
and 2009, and thus connected with the financial crisis. Furthermore we see two minor peaks in
November 2011 and August 2013, which are associated with the European sovereign debt crisis.
Performing the same analysis for European long term government bonds, we see a very similar
pattern in the bottom left panel of figure 1: A high peak in July 2007, which is at the beginning of
the build-up process for the broad peak in the EuroStoxx. This peak is followed by smaller ones in
December 2011 and August 2013. These dates correspond well with the analysis of the stocks cross-
correlations and show a strong connection in the risk of European stocks and European government
bonds. At the end of 2015 we detect for both graphs a distinct increase in the first eigenvalues of
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Figure 1: Changes in the largest eigenvalues of cross-correlations and corresponding CARS.Top
panels use a time window of τ = 1y while bottom panels use τ = 3y. The left side corresponds
to European government bonds and the right side to the assets covered by the EuroStoxx. In the
τ = 1y panels we observe CARS oscillations since June 2010. The τ = 3y graphs show peaks with
a high reliability in terms of crisis forecasting.
the cross-correlation matrix. Especially for the government bonds this increase reaches unobserved
high values. The top panels of figure 1 show the CARS of the European government bonds (left)
and EuroStoxx assets (right) for time-window τ = 1y. Choosing this time-window results in a
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fluctuating pattern, which is not as suitable for indicating big market changes as the τ = 3y but it
clearly features the capability of discovering oscillation patterns in the CARS. We can find these
oscillations in all four cases, indicating that the risk in these markets oscillates on a time frame
of several months. While these two oscillations have been out of phase before, they are in phase
since 2010. In figure 2 we show the periodic property by plotting the the autocorrelation function
for both datasets.
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Figure 2: The autocorrelation of European government bonds (left) and EuroStoxx assets (right)
with a time-window τ = 1y, 3y. All cases exhibit an oscillation with frequency ν1y,3yEuroBonds ≈
(20m)−1 and ν1y,3yEuroStoxx ≈ (17m)
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Figure 3: Cars cross-correlation between European government bonds and EuroStoxx assets before
and after 2010. The maximum cross-correlation in the τ = 1y, 3y panels both shift from a non
zero lag before 2010 to a approx. zero month lag after 2010. Also both time-windows feature an
oscillation with ν ≈ (16m)−1, (19m)−1 after 2010.
We emphasize this fact in figure 3, which shows the correlations between the two CARS before
and after 2010.
Before 2010 we find that the maximum correlation has a non zero lag, indicating only weak
interactions between these two markets. Looking at the cross-correlation after 2010, we measure
5
a zero time lag for the maximum correlation in the case of τ = 1y and an oscillation . This fact
suggests that these two market are strongly coupled since 2010.
4 Conclusion
In this article we have shown, that conditional average rolling sum of events is a suitable tool for
the visualization of risks. The in-build memory ensures that past events are taken into account in
order to track time-dependent processes. A clear connection between a high CARS value and an
high systemic risk has been established.
Furthermore we observed an oscillation in the stock and government bonds markets. Originally
these oscillations in those two markets were not coupled until 2010. From this point on we observe
a zero or one month time-lag in the cross-correlations between them.
In November 2014 an unprecedented surge in the conditional average rolling sum occurred. It
seems that the sharp risk increase manifested in the so called “Schnitzel-Crisis” in May 2015.
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